Objectives To develop an algorithm for identifying inpatients at high risk of readmission to an NHS hospital in England within 30 days of discharge using information that can either be obtained from hospital information systems or from the patient and their notes.
1,2 and their avoidance is currently a priority for policymakers in many countries. 3 For example in England, Department of Health (DH) guidance for the NHS proposes commissioners do not pay provider hospitals for emergency readmission within 30 days of a selected index elective (planned) admission. 4 The rate of readmissions will also play an important part in monitoring health system performance, as one of the new English public health "outcome indicators" 5 .
In the five year period between 1 April 2004 and 31 March 2010, 7 per cent of patients discharged from a hospital in England were readmitted to hospital within 30 days, 6 with costs to the National Health Service (NHS) estimated at £1.6 billion each year 7 . Whilst many different interventions have been introduced with the aim of reducing unplanned admission rates 8 , the evidence for their efficacy and cost-effectiveness is limited. 9 One reason why hospital-avoidance interventions may be unsuccessful is if they are offered to patients who are at insufficiently high risk of future unplanned hospital admission. 10 A history of recent hospital admissions is not by itself an accurate predictor of future admissions, 11 and it seems that clinicians are often unable to make reliable predictions about which patients will be readmitted. 12, 13 There is also some evidence to show that many readmissions may not be avoidable. 14 One recent analysis observed a strong relationship between rates of rehospitalisation and overall admission rates within specific areas 15 . In order to improve the accuracy of the "case finding"
process, researchers have in recent years developed a number of predictive risk models for the NHS, with the specific aim of identifying people at highest risk of a future admission or readmission. 16, 17, 18, 19, 20, 21 The models use relationships in routine data to identify patients at highest risk of unplanned admission or readmission in the next twelve months. Most of these models are not contingent on an index hospital admission but instead calculate risk scores across the population at a particular date, and are designed to be run on regular (eg monthly or quarterly) basis.
One advantage of predicting which patients are at high risk of admission in the coming twelve months is that this prolonged period may allow time for clinicians and care managers/coordinators to contact and engage with high-risk patients. Furthermore, it allows time for behavioural and treatment changes to be instigated. On the other hand, the likelihood of an unplanned admission is highest in the immediate post-discharge period, 22 so there may be advantages to predicting readmissions that occur shortly after discharge. Furthermore, there is evidence that some forms of preventive care may be more effective at reducing unplanned hospital admissions if initiated immediately after an acute illness. 23 Outside the UK, a number of tools have been built for predicting readmissions within 15 days 24 or 30 days 25, 26, 27, 28, 29 of discharge from hospital. Until recently, NHS funding arrangements gave hospitals in England few financial inducements to predict and prevent unplanned hospital admissions. However, the 2011-12 operating framework proposed that NHS hospitals should not be reimbursed for readmissions occurring within 30 days (as well as only receiving a 30 per cent marginal rate for emergency admissions above their 2008/09 baseline). 30 In practice, the degree to which this new 30-day rule is being enforced appears to vary across the country. 31 Yet even without monetary incentives, knowledge of 30 day readmission risk could still be useful to clinicians for focussing their discharge planning efforts and post-discharge support on high-risk patients.
Predictive tools built in one setting may not necessarily be accurate when used in other health care settings. 32 So in this paper, we describe how we used English hospital episode statistics (HES) data to develop a predictive model that can identify patients at high risk of readmission to an NHS characteristics of the area of residence; and length of stay. A dummy variable was introduced to represent the hospital -using the largest hospital in the data as the reference point. The reduced number of variables ultimately included in this algorithm were selected based on their impact on overall model performance and ease of access to medical notes or recall by the patient.
We measured the accuracy of the predictive models in a number of ways. The positive predictive value (PPV) estimates the accuracy of the model by comparing the number of people identified by the model as being likely to experience a readmission (based on a given threshold of risk) with the number in this group who went on to experience a readmission. The PPV is defined as 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 identified as being at low risk. The sensitivity and specificity of the model can be traded off against each other by varying the threshold of risk used to define them. As well as these measures, we present estimates of the area under the receiver operating characteristic (ROC) curve, which shows the trade-off between true positives (sensitivity) and false negatives (1-specificity) at all possible thresholds. Further, we were interested in the proportion and costs of patients who experienced a readmission by risk band (twenty bands based on the level of the risk score).
Predictive models are generally "trained" on a data set consisting of dependent variables (in this case hospital readmissions) relating to many patients, together with a range of independent variables from an earlier time period. The apparent performance of the model on the training (or development) data set tends to be considerably better than its performance on another, independent data set--even if that other data set consists of similar patients. In order to ensure that the model's predictions are generalisable, it is therefore important to evaluate the performance of the model more realistically than simply by calculating its accuracy on the training sample.
To do this, we used a bootstrapping evaluation method. 37 This method involves estimating the degree of "optimism" associated with evaluating the apparent performance of the model on the training data set. The observed performance is moderated by subtracting the degree of optimism from the apparent performance. We calculated the degree of optimism by repeatedly drawing a large number of different bootstrapped samples from the training data set. Each consisted of the same number of patients as in the original sample, but each was formed by selecting patients randomly and allowing individual patients to be selected more than once. To estimate the optimism, we fitted models to each of these bootstrapped samples and calculated the difference between the The costs of secondary care utilisation were estimated from HES data using 2010/11 Payment by Results (PbR) tariffs 40 41 . Activity not covered by the national tariffs was costed using the national reference costs (NRC) 42 and adjusted to ensure they were directly comparable with 2010/11 tariffs.
If neither tariff nor NRC were available, the activity was costed as the average tariff for the specialty 
Results
The derived model uses a small set of variable types including;
• Patient age -used as squared value,
• Index of multiple deprivation 45 for the patient's place of residence (derived from a postcode and mapped to one of five bands based on the lower super output area),
• Whether the current admission was an emergency admission (defined in HES as an admission category 21-28),
• Whether there had been an emergency hospital discharge in the past 30 days,
• The number of emergency hospital discharges in the last year (from any hospital),
• History in the prior two years (from any HES primary or secondary diagnostic field) of eleven major health conditions drawn from the Charlson co-morbidity index 46 , and
• The hospital of the current admission, using a set of 150 dummy variables for the major acute hospitals in England. 
{Table 2 about here}
The mean readmission costs tended to be lower in the lower risk bands because a smaller percentage of patients were readmitted. However those in the lower bands who had a readmission, tended to have higher costs (for example, £1,340 per admission for patients in band 20 compared with £2,143 per admission for patients in band 11).
A business case analysis is provided in Table 3 , documenting the rate of readmissions and the maximum level of expenditure at each risk band (and at various risk band cut-off levels). These values indicate where the cost of the preventive intervention equals the net savings from reduced readmissions -with various assumptions about the effectiveness of interventions (10%, 15%, and 20%). With a risk band cut-off at Band 11, mean readmission costs were £1,088 (CI £1,046, £1,124 -not shown) per patient. Using an assumption of a 10% reduction in the rate of readmission, £109 per patient (CI £105, £112 -not shown) could be spent on the 6,395 patients in these bands, with the costs of the intervention equalling costs of avoided emergency admissions (breakeven). Table 4 . The receiver operating characteristic curve (ROC) in Figure 1 illustrates the trade-off between true positives (sensitivity) and false negatives (1 -specificity) for the model. Overall, the area under the curve was 0.70 (CI 0.69, 0.70).
{Table 3 about here}

{Table4 about here} {Figure 1 about here}
Discussion
We have built a predictive model using a limited set of variables that were generated from hospital episode statistics. The model estimates the risk and costs of readmission to an NHS hospital in England within 30 days of discharge. We have intentionally selected variables that we believe will easily translate to information available from patients' notes or from the patients themselves. Lookup tables can be built to map variables such as a patient's postcode to deprivation score. This means it is possible to build simple software tools such as a spreadsheet or 'app' to calculate scores, as well as by using data from a hospital's patient administration system.
The performance of the model was respectable, with a positive predictive value (PPV) of 59.2%
and area under the ROC curve ("c-statistic") of 0.70. For example, a recent systematic review of predictive risk models for 30 day readmissions documented c-statistics ranging from 0.50 to 0.72. 47 The specificity of this model (99.5%) is high, although the sensitivity of the model is quite low with only 5.4% of all patients in the sample (Bands 11+). The performance of the model could have been improved by including more variables but this would have made the model less useful in practice.
Traditional measures of performance, such as the sensitivity, mask the potential value of models in days and £178 could be spent per patient on interventions aimed at avoiding readmission, assuming these interventions were successful at averting 15% of all readmissions and that breakeven was required. The level and type of resources allocated to these patients should be different from those allocated to patients in the lower risk levels, such as those in Band 6 where chances of readmission were 28.0%. These data can also be used in setting an overall cut-off level/threshold for the full range of intervention strategies. For example, at a cut-off level at Band 5, almost 30% of patients who will have an admission in the next 30 days will be included, and the chance of these patients having a readmission is 31.8%. The levels and type of intervention for these patients should vary by risk band and patient characteristics, but clinicians and commissioners can use these data to select thresholds for any preventive intervention.
The model has its limitations. It was developed using HES data, but it is intended to be used by hospitals using either a combination of PAS data and SUS data or patient self-reported information on prior use and medical history from the patient's notes. While PAS/SUS data do differ from HES, the differences are minor so we believe this shortcoming is unlikely to affect the accuracy of the predictive model substantially. However, differences in patients' recall of their prior hospital use and their medical history present bigger challenges to the validity of the model. Self-recall data on health care utilisation can differ from administrative data, especially for people with high levels of health care use, older people, and people with poor health status. 48, 49 We are currently testing the model to determine the extent to which patient-reported information differs from that recorded in HES. In a recent systematic review, 50 Hansen and colleagues identified a broad range of strategies that have been employed, including pre-discharge interventions (improved discharge planning, patient education, medication reconciliation, post-discharge follow-up appointment, etc), postdischarge interventions (patient hotlines, telephone appointment reminders, home visits, etc.), and other interventions to bridge the transition from hospital to home such as nurse coaching. Many of the studies looked at were small and not well designed. Five out of 16 randomised controlled trials documented statistically significant reductions in the absolute risk of readmission, but no single intervention or bundle of strategies were found to be consistently successful in reducing risk.
The data on costs developed here also suggests additional caution. At a risk score cut-off of .50
(Band 11+), even with an optimistic assumption of a 20% reduction in the rate of readmissions, the amount available to spend on an intervention and still achieve breakeven is relatively modest (£218 per patient). Broadening the intervention to a cut-off at Band 5, this amount drops to £143 (and £71
if a more realistic reduction in readmissions of 10% is assumed). See Table 3 . While improved discharge planning, arranging post-discharge follow-up visits and telephone reminders may be relatively inexpensive, other interventions such as nurse coaching and home visits can become quite costly. These data would permit targeting of interventions, with more costly strategies limited to the patients at highest risk, but the level of available resource will undoubtedly be strained if breakeven is expected. Ethical approvals: This study only involved the analysis of pseudonymous secondary data. Since there were no identifiable human subjects, ethics approval was not required for this research and informed consent was not sought.
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